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Abstract: Rice is regarded as the preferred crop for saline-alkali soil improvement by researchers. 

At present, the identification method for saline-alkali tolerance of rice varieties requires researcher 

to conduct tedious field investigations based on growth indicators. Therefore, there is an urgent 

need for an effective technical means to quickly and accurately identify saline-alkali tolerance of 

rice varieties. Study used 20 japonica rice varieties with three types of saline-alkali tolerance as 

test materials, by analyzing the identification mechanism of salt-alkali tolerance in Raman 

spectrum of japonica rice varieties, seven characteristic spectral peaks closely related to salt-alkali 

tolerance were identified. Various algorithms in Python are used for data standardization, baseline 

elimination, extraction of characteristic spectral peaks, detection of peaks characteristic 

information and data noise reduction. Three identification models were established to confirm the 

highest accuracy of CapsNets identification model, which could provide technical support and 

reference for breeding saline-alkali resistant japonica rice varieties.  

Keywords: Raman spectrum; Artificial Intelligence; Japonica rice; Saline-alkali tolerant; 

Identification mechanism  

1.Introduction 

Soil salinization can reduce crop yield to varying degrees, and can lead to the reduction of 

cultivated land area in severe cases[1]. As a moderately saline-alkali tolerant aquatic crop, rice is 

regarded by researchers as the preferred crop for saline-alkali soil improvement by taking 

advantage of "washing salt and alkali with water and removing salt and alkali with water"[2]. The 

total saline-alkali land area of Heilongjiang Province in China is 1.34 million hm2, and there are 

about 1 million hm2 saline-alkali land rich in water resources[3]. Japonica rice planted in 

saline-alkali land rich in water resources can dissolve and discharge soluble salt and alkali in 
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saline-alkali soil through irrigation, and japonica rice roots can absorb salt and secret organic acids, 

thus improving soil saline-alkali conversion. Reduce soil saline-alkali damage and increase 

cultivated land resources[4,5]. It can be seen that japonica rice plays an irreplaceable role in the 

improvement of saline-alkali land. However, the saline-alkali tolerance of different japonica rice 

varieties varies greatly, so rice breeders attach great importance to the identification and 

evaluation of saline-alkali tolerance japonica rice varieties. 

Traditional screening and breeding of saline-alkali tolerant japonica rice[6-9] mainly rely on 

the investigation and analysis of phenotypic indexes and the method of molecular marker-assisted 

selection[10-12]. However, this method requires traditional phenotypic index data and skilled 

operation of professionals with advanced equipment to analyze complex genetic data, resulting in 

complex detection process and high cost. Therefore, a rapid and accurate identification technique 

and method are urgently needed to evaluate the saline-alkali tolerance of japonica rice varieties. 

Raman spectroscopy, based on the Raman scattering effect discovered by Indian physicist 

C.V. Raman[13,14], is a technique for studying the structure and chemical properties of a substance 

by measuring the vibration patterns of its molecules or atoms at specific frequencies. It has the 

advantages of fast, efficient, accurate, non-destructive, high sensitivity and good stability, so it is 

widely used in scientific research and practical applications[15-17]. 

Python is a popular programming language that is concise and easy to learn and use[18]. It not 

only supports high-level language functions such as matrix manipulation, but also can be applied 

to Web development, data analysis, image recognition and system construction. In machine 

learning methods, Python can visualize data from different fields and further analyze the 

visualization results[19-21]. Python can also effectively process spectral data according to its data 

visualization characteristics, and realize functions such as spectral data preprocessing, spectral 

peak extraction, spectral peak feature selection, cluster analysis, classification and identification, 

and image recognition[2,22]. 

In view of this, this study took japonica rice varieties with different salt-alkali tolerance 

degrees in Heilongjiang Province, China as the object, proposed a salt-alkali tolerance japonica 

rice identification model based on Raman spectroscopy and combined with machine learning 

algorithm in Python, and analyzed its salt-alkali tolerance identification mechanism by Raman 

spectroscopy. Rapid and accurate identification of saline-alkali tolerance japonica rice was 

realized, which provided a new idea and method for breeding saline-alkali tolerance japonica rice 

varieties efficiently. In summary, this study has important theoretical and application value, and is 

of great significance for promoting saline-alkali tolerance japonica rice variety breeding and 

saline-alkali land improvement and utilization. 

2.Materials and Methods 

2.1.Test Materials 

Twenty japonica rice varieties (lines) for salt and alkali tolerance identification were provided 

by Qiqihar Branch of Heilongjiang Academy of Agricultural Sciences in 2022, numbered 

according to S1 to S20, and were suitable for planting in Heilongjiang Province. The experiment 

was conducted in the Qiqihar Branch of Heilongjiang Academy of Agricultural Sciences in 2022 

(Table 1). The treated soil was soda saline-alkali soil with a pH of 9.2 and a salt content of 0.41%, 

while the control soil was common paddy soil with a pH of 7.1 and a salt content of 0.18%. 

 



Table 1. Information of japonica rice varieties and sources for testing. 

Number Varieties (lines) Provenance Plants date Sampling date 

S1 KD10 

Qiqihar City in Heilongjiang 

Province, China 
April 2022 

 

 

October 2022 

 

 

S2 KD15 
S3 SJ6 
S4 LJ9 
S5 LJ12 
S6 LJ21 
S7 LJ39 
S8 LH05-379 
S9 SJ2 

S10 SJ10 
S11 QJ8 
S12 QJ28（22） 
S13 DN416 
S14 DN9220 
S15 LD10 
S16 LD12 
S17 SJ3 
S18 LQD3 
S19 JD58 
S20 FY305 

2.2.Test Methods 

2.2.1.STC Method for Screening Saline-alkali Tolerance of Japonica Rice Varieties 

The saline-alkali tolerant coefficients(STC) of rice , that is, the relative growth value of 

each salt and alkali tolerance index (Formula 1), was evaluated and classified to eliminate the 

differences in basic traits among the tested materials [23]. 

Note: The saline-alkali stress index value is one of the agronomic traits index value in the treated field, the control 

index is the index value of one of the agronomic traits in the control field. 

2.2.2.Acquisition method of Raman Spectrum of Saline-alkali Resistant Japonica Rice Varieties 

The test temperature was about 23℃ and the relative humidity was 57%RH. Japonica rice 
grains were husked by Shanghai LJJM rice cleaning machine, and each variety sample was husked 

for 50's and treated to remove plant fluorescent substances, and put into an envelope to be tested. 

The data information of the sample to be tested is collected by the benchtop Raman spectrometer 

(model: Advantage 532) produced by DeltaNu, which adopts 5mW532nm excitation and CCD 

refrigeration to achieve high Raman excitation power and high SNR. The full spectrum 

measurement range is 0-3400cm-1, and the primary spectrograph range (effective measurement 

range) of the sample to be measured in this test is 400cm-1-3400cm-1, with a resolution of 10cm-1. 

Set the parameters of the Advantage 532 and NuSpecTM software by adjusting the height and 

position of the sample holder (Table 2). Using NUSpecTM software to store the two-dimensional 

data information of samples and observe the original two-dimensional image information of 

samples, the obtained spectral data information is saved in prn format file. 
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Table 2. Parameter Settings for Advantage 532 and NuSpecTM 

Laser 

Power 

Stimulate 

Wavelength 

Integration 

Time 

Number of 

Spectrum 
Display 

Save 

Spectrum 
Resolution 

High 532nm 4 3 Average ASCII Low 

2.2.3.Acquisition Method of Raman Spectrum Characteristic Peak of Japonica Rice 

(1) Standardization of spectral data 

NL normalizes the spectral data to a certain range, and can adjust the spectral intensity to a 

relative or relatively comparative scale, making the comparison between different samples more 

accurate, so as to better compare and analyze the spectral data. Z-score normalization is adopted, 

by subtracting the mean value of the spectrum, and then dividing by the standard deviation of the 

spectrum, so that the mean value of the spectrum is 0 and the standard deviation is 1, as shown in 

formula 2: 

 


ux
zscoreZ

−
=− :  （2） 

Note：z is the normalized value, x is the raw data; u is the mean of the data, δis the standard deviation of the data. 

(2) Baseline elimination of spectral data 

CWT has the capability of localized feature analysis in both time and frequency domains, and 

can translate forward and backward along the time axis, and stretch and compress proportionally 

to obtain low and high frequency wavelets [24,25]. In order to extract useful signals more 

efficiently and filter out interfering signals, a specific wavelet function (formula 3) is constructed. 

 ( ) 0,,,
1
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 −

= aRba
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bt
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tba   （3） 

Experiment with calling the signal.cwt (x, signal.ricker, widths) statement to perform a 

continuous wavelet transform: deep copy the input data and assign it to x, using Ricker wavelet as 

mother wavelet, widths is an array containing integers from 1 to w-1, where w is the window size 

of the wavelet transform. 

(3) The method of obtaining the characteristic spectral peak 

In this experiment, the method scipy.signal.find_peaks (SSFP)[2,22] in Python was used to 

extract the Raman spectral peaks of japonica rice. The height parameter in SSFP was used to 

extract the significant spectral peak of the Raman spectral characteristics of japonica rice varieties. 

The prominence, width, and dif parameters were selected to capture the prominence, width, and 

offset information. 

2.2.4.The Method of Raman Spectroscopic Identification Mechanism of Salt-alkaline Tolerant 

Japonica Rice 

Amino acid is the basic unit of protein. Through the analysis of biological mechanism, amino 

acid plays an important regulatory role in saline-alkali tolerant japonica rice. Amino acids are 

organic compounds consisting of an amino group (-NH2), a carboxyl group (-COOH), and a side 



chain (-R). Different amino acids have different side chain structures, and the side chain of an 

amino acid refers to the part of the amino acid molecule that is connected to the alpha-carbon 

atom, also known as the R group (R-group). These side chain structures determine the chemical 

properties and functions of amino acids. The functional groups in the amino acid side chain 

exhibit specific vibration patterns through Raman spectroscopy. 

2.2.5.The Pretreatment Method of Raman Spectra Data 

Spectral smoothing is a common spectral data preprocessing method, which is based on 

sliding window or filter algorithm to smooth the spectral data, which can eliminate noise and 

fluctuation and make the spectral curve smoother. In this study, the zero-phase Scipy.signal.filtfilt 

(Filtfilt) [26] spectral smoothing method was used to preprocess Raman spectral data. Filtfilt 

applies a linear digital filter twice, with twice the order of the other filters, once forward and once 

backward, with twice the zero phase and twice the filter order, thus effectively avoiding phase 

difference. As shown in formulas 4, 5 and 6: 

 ( )xablfiltery ,,1 =  （4） 

 ( )( )12 ,, yreverseablfiltery =  （5） 

 ( )2yreversey =  （6） 

Note:M is the length of b (molecular coefficient) minus one, N is the length of a (denominator coefficient) minus 

one, x[n-k] is the value of the input signal x at time n-k, y[n-k] is the value of the output signal y at time n-k. 

First, the input signal x is filtered forward once through the filter to obtain the intermediate 

signal y1.Then reverse y1 (that is, reverse in time), and reverse filter through the same filter to get 

the intermediate signal y2 after reversal. Finally, y2 is reversed back to get the final filtering result 

y. 

2.2.6.CapsNets Identification Method 

(1) Establishment of logistic regression (LR) Identification Model 

LR trains the model on a given set of n data (the training set), and the model learns the 

intrinsic laws and features of the data in order to classify new, unseen data (the test set). The input 

function of LR is the result of linear regression, and its prediction function is Sigmoid, as shown 

in formulas 7 and 8: 

 bxwxwxwwh +++= ...)( 332211  （7） 
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Note:w1,w2,... wn is the weight, x1,x2,... xn is the input feature, b is the offset term, x is the input eigenvector, θT

x 

is the weight vector, g(θT

x)is the transpose of the weight vector; The Sigmoid function outputs results in the 

interval [0,1], where the default machine threshold is 0.5. 

(2) Establishment of support vector machine (SVM) identification model 

The Kernel list parameters of the SVM model in the research usually use Radial Basis 

Function(RBF), Linear Kernel(LK), Sigmoid and Polynomial Kernel(PK), and then the algorithm 



characteristics of these four kernel functions are analyzed to construct SVM discrimination model. 

RBF is a local kernel function, and as the data point becomes farther from the center point, 

the value becomes smaller (formula 9). RBF has A good anti-interference ability to the noise 

existing in the data. Due to its strong locality, its parameters determine the function range and 

weaken with the increase of parameter 
2 . 

RBF： )
2

1
exp(

2

2 iXX −−


 （9） 

LK is the simplest kernel function and is a special case of the radial basis kernel function 

(formula 10). LK performs well mainly for linearly separable data sets, and because the linear 

kernel function directly computes the inner product of the two input eigenvectors x and z, it does 

not involve complex transformations, and the computation is very fast. 

LK： zxzxK ,),( =  （10） 

Sigmoid is derived from neural networks and is widely used in deep learning and machine 

learning (formula 11). Sigmoid is a commonly used kernel function where x and z are the input 

data and tanh is the hyperbolic tangent function, and their dot product reflects the similarity 

between the data. When the two data points are similar, the dot product is larger and the Sigmoid 

value is larger. When two data points are not similar, the dot product is small and the value of 

Sigmoid is also small. 

Sigmoid： ),tanh(),( czxzxK +=   （11） 

Multinomial kernel function PK is suitable for orthogonal normalization (vector orthogonal 

and modulus 1) data (formula 12). Multinomial kernel function PK is a global kernel function, 

allowing data points that are far apart to have an effect on the value of the kernel function. The 

larger the parameter d, the higher the dimension of the mapping, and the greater the computation. 

When d is too large, it is easy to overfit because the learning complexity is too high. 

PK： 
d

czxzxK ),(),( +=   （12） 

(3) Establishment of CapsNets Identification Model 

According to the characteristics of Raman spectral information of saline-alkali tolerant 

japonica rice varieties, the shape characteristic information of 7 selected spectral peaks was 

converted from 2D data information to 3D image information by means of one time intercept, one 

time segmentation and one time fusion [27]. In this intercept, based on the research results of the 

identification mechanism of saline-alkali tolerance of different japonica rice varieties by Raman 

spectroscopy, the spectral peaks at the Raman shift of 480cm-1, 865cm-1, 94cm-1, 1129cm-1, 

1339cm-1, 146cm-1 and 2910cm-1 were selected, and the Raman shift was taken as the center point. 

Based on each central point, 56 and 55 Raman shift lengths were intercepted forward and 

backward respectively, and 112 Raman shift lengths were captured for each spectral peak. For 

each characteristic spectral peak (112 Raman shift) obtained after one intercept, the 28, 56 and 84 

Raman shifts of each characteristic spectral peak were segmented, and each spectral peak was 

segmented into 4 segments. Finally, based on the interception and segmentation of the spectral 

peak shape feature information, the spectral peak shape feature information is fused, and the 

spectral peak selected by each sample is sorted according to the Raman shift value of the spectral 



peak from small to large. According to the order of the beginning, highest and end of the spectral 

peak, these pictures are fused, and each sample finally gets a three-dimensional image 

information. 

According to the excellent performance of CapsNets in processing image recognition tasks, 

the identification of saline-alkali tolerant japonica rice varieties CapsNets based on 3D image 

information of characteristic spectral peaks was studied. The Capsule in CapsNets is a core 

component, and its working principle involves many aspects such as vector representation, 

dynamic routing algorithm and nonlinear transformation [28,29]. As shown in Figure 1, CNN 

outputs a single scalar value as a result through artificial neurons. This design has certain 

limitations when processing images, and some key spatial information will be lost, resulting in the 

inability to effectively process the relative position relationship between features. In contrast, 

CapsNets uses capsules as the basic unit, and each capsule can output a vector to represent the 

result, which not only contains the existence probability of the entity, but also encodes other 

important attributes of the entity, such as posture, position and possible deformation, etc., the 

length of the vector represents the probability of the existence of the entity, and the direction of the 

vector contains other attribute information of the entity. The connection between capsules is 

realized by dynamic routing algorithm. The algorithm allows information to flow between 

capsules and dynamically adjusts the weights of the connections based on the input data and the 

output of the current network. This dynamic adjustment mechanism allows CapsNets to better 

adapt to changes in input data and learn more complex feature representations. In addition, a 

nonlinear transformation was carried out inside the capsule to enhance the expressive power of the 

network. This nonlinear transformation is usually achieved through a fully connected layer or 

activation function, which is capable of nonlinear mapping of input vectors to capture more 

complex features. 

 
Figure 1. Schematic diagram of scalar and vector output 

CapsLayer implementations in CapsNets are typically divided into three layers, the first 

being the initial Layer (Conv1), the second being the Primary Capsule Layer, and the third being 

the Final CapsLayer. Figure 2 shows that Conv1 is a standard Convolutional Layer, which is 

responsible for extracting local features of the input image, and uses the Rectified Linear Unit 

(ReLU) activation function to convert negative values to 0, thus introducing nonlinearity and 

enhancing the expression capability of the network. The low-level feature map obtained after 

processing the Conv1 layer is used as input to the main capsule layer. The primary capsule layer is 

responsible for further processing the low-level feature map output from the initial layer into the 

form of capsules, using a nonlinear compression function to ensure that the vector length of each 

capsule is between 0 and 1, thus conforming to the characteristics of the probability distribution. 

Final CapsLayer is responsible for further processing the output information of the main capsule 

layer into higher-level capsules, whose output is a set of vectors representing the existence 

probability of a specific category and its related attributes (posture and position), ensuring that 



capsules of each category can fully take into account all relevant information in the input image. 

To make more accurate judgments. 

 

Figure 2. Schematic diagram of the CapsLayer model 

Using the nonlinear compression function (formulas 5-13) to compute the output capsule, this 

transformation is actually a compression and unitization of the vector s, if s is long, then v is 

approximately equal to 1, if s is short, then v is approximately equal to 0. The length of the output 

v vector is between 0 and 1, so the length can be expressed as a characteristic probability value. 
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Note：vj is the vector output of capsule j, sj (formula 5-14) is the input vector of capsule j, where ||Sj||is the length 

of the s vector. 
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Note:cij (formula 5-15) is the coupling coefficient, iju |
ˆ (formula 5-16) is the output prediction vector of capsule j 

at a higher level calculated from capsule i at the next layer. 
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Note：cij is the logarithmic probability that capsule i will couple to capsule j and is initially set to 0 at the 

beginning of the protocol routing process, cij is calculated from the bij using the softmax function. 

 
iijij uWu =



|  （5-16） 

Note：ui is the output of capsule i in the layer below, and Wij is the weight matrix between each ui and vj in the 

primary capsule, jϵ(1,3). 

Use protocol routing between the Primary capsule and the Final CapsLayer. The protocol 

aij(formula 5-17) of the update logarithmic probability and coupling coefficient is calculated from 

formula (5-15) . 

 ijjij uva |



=  （5-17） 

Note：vj is the vector output of capsule j, and iju |
ˆ  is calculated by formula (5-16). 

The final CapsLayer work can be simply summarized in 4 steps :1) Matrix transformation， 2) 



Input the weight as shown in formula 5-16，3) Weighting as shown in formulas 5-14 to 5-15，4) 

Non-linear transformation is shown in formula 5-13. Python based pytorch(a deep learning 

algorithm framework) was used to build CapsNets to complete the experiment [30,31]. 

3.Results 

3.1. Results of STC Method for Screening Saline-alkali Tolerance of Japonica Rice Varieties  

According to the saline-alkali tolerance coefficient (STC) of yield, systematic cluster analysis 

was carried out on 20 japonica rice varieties. The test materials could be divided into three 

categories at the Euclidean distance of 0.14, as shown in Table 3 and Figure 3. 

 
Figure 3. Cluster results of 20 japonica rice varieties tested at 0.14 Euclidean distance 

Table 3. Classification results of saline-alkali tolerant japonica rice varieties based on STC 

Number Varieties (lines) Resistance of salt and alkali Scope of STC values Average STC value 

S3 SJ6 strong 

70.1-100 0.85 S12 QJ28 strong 

S6 LJ21 strong 

S1 KD10 medium 

50.1-70 0.64 

S10 SJ10 medium 

S11 QJ8 medium 

S2 KD15 medium 

S7 LJ39 medium 

S4 LJ9 medium 

S8 LH05-379 medium 

S9 SJ2 medium 

S13 DN416 medium 

S18 LQD3 medium 

S15 LD10 medium 

S5 LJ12 sensitiveness 

0-50 0.43 

S14 DN9220 sensitiveness 

S17 SJ3 sensitiveness 

S16 LD12 sensitiveness 

S19 JD58 sensitiveness 

S20 FY305 sensitiveness 

3.2. Results of Raman Spectra of Saline-alkali Tolerant Japonica Rice Varieties 



Raman spectra of 20 japonica rice species were obtained using Advantage 532 Raman 

spectrometer. According to the original two-dimensional image information of the samples (Figure 

4), the Raman spectral curves of 661 samples of 20 japonica rice varieties were interleaved, which 

could not be identified, and various algorithms and models in machine learning were urgently 

needed for identification. 

 

Figure 4. Two-dimensional Raman spectra of 20 japonica rice varieties 

3.3. The Results of Raman Spectral Characteristics of Japonica Rice were Obtained 

After NL data standardization and CWT eliminating baseline drift spectrum smoothing 

feature extraction, the spectral peak of japonica rice Raman spectrum was obtained, that is, the 

characteristic information of japonica rice Raman spectrum. It was confirmed by DeltaNu of the 

United States, the manufacturer of Advantage 532 Raman spectrometer, that 1800cm-1-2800cm-1 

was an invalid japonica Raman shift, which had no significance for scientific research. Finally, the 

18 spectral peaks are obtained(Figure 5). With reference to previous research results and a large 

number of relevant literatures [24,25,32], the correlation analysis between spectral peaks of rice 

Raman spectral characteristics and molecular vibration types was carried out. A clear 

correspondence between Raman spectral characteristic peaks and molecular vibration types of rice 

was established, as shown in Table 4. 



 
Figure 5. Extraction and visualization of eighteen spectral peaks 

Table 4. Molecular vibration types of Raman characteristic spectral peaks in rice 

Number Frequency/cm-1 Mode of molecular vibration 

1 443 pyran ring skeleton vibration 

2 480 skeleton vibration peak 

3 581 flexural vibration of C-C-O and C-O 

4 714 C-C-O flexural vibration  

5 767 O=C-N deformation vibration and OH deformation 

6 865 CH deformation and C-O ring vibration 

7 941 symmetric stretching vibration of C-O-C 

8 1054 stretching vibration of C-O, C-C and C-H-O 

9 1081 C-O-H bending vibration 

10 1129 C-O stretching vibration and C-O-H bending deformation vibration 

11 1212 Stretching vibration of C-C and C-O 

12 1260 C-N stretching vibration and C-H plane deformation 

13 1339 C-C stretching vibration and C-H deformation 

14 1382 C-C stretching vibration, CH2 and NH2 rocking vibration 

15 1461 CH plane bending vibration, CH2 symmetric vibration and CH3 antisymmetric vibration 

16 1527 C-N stretching vibration 

17 1661 C=O stretching vibration 

18 2910  CH2 antisymmetric stretching and NH2 stretching vibrations 



The prominence, width, and dif parameters in SSFP were selected and their combinations 

were used to obtain the prominence, width, offset, and shape of each spectral peak (see Figure 6). 

The vertical green line in the figure indicates the prominence and height characteristics of the 

spectral peak acquired after NL+CWT of japonica rice Raman spectral data. The red horizontal 

line in the figure indicates the peak width characteristic information of japonica rice Raman 

spectral data obtained after NL+CWT; The yellow dots in the figure indicate the Raman shift 

value information of spectral peak obtained after NL+CWT of japonica rice Raman spectral data, 

that is, the position of peak intensity. The prominence, width, and dif parameters in SSFP were 

used to jointly obtain the prominence information for each of the 18 peaks in each sample. 

 
Figure 6. Visual information of three-dimensional characteristics of spectral peak 

3.4. Identification Mechanism of Saline-alkali Resistant Japonica Rice by Raman Spectroscopy 

3.4.1. Results of Amino Acids Related to Regulation of Saline-alkali Tolerance in Japonica Rice 

were Obtained 

According to authoritative resources such as China Rice Network, 14 genes 

OsHKT1;5;8[33,34]、OsIAA20[35,36]、OsSIRHC-2[37]、OsMPT3[38]、OsbHLH38[39]、

OsMBTB32[40]、OsMADS25[41,42]、OsTPS1[43]、OsSAPK2[44]、RST1[45]、OsSDG721；

705[46], which are closely related to saline-alkali tolerance of japonica rice varieties, are from 11 

gene families, located on chromosome 1, 4, 5, 6, 7 and 8 of rice, encoding amino acid sequences 

of different proteins through transcription and translation process. Among them, SKC1 protein 

encoded by gene OsHKT1;5;8 had 4 amino acids (alanine, histidine, aspartic acid and valine) 

difference between salt-tolerant rice varieties and salt-sensitive rice varieties. The protein encoded 

by the other 11 rice saline-alkali tolerance genes was determined by the amount of proline, 

asparagine and lysine, respectively. 

3.4.2. Results of Raman Spectral Characteristic Spectra of Saline-alkali Tolerance Japonica Rice 

The following are the structures of 7 amino acids that regulate the salt-alkali tolerance of 

Raman spectrum of japonica rice (Figure 7) : As shown in screenshot 7 (a) of 3D spatial chemical 

structure of Proline, the functional group in its side chain (-R) is composed of methylene bond 



(-CH) bond and subgroup (-CH2), corresponding to 865cm-1, 1260cm-1, 1339cm-1, 1461cm-1, 

1382cm-1, 1461cm-1 and 2910cm-1 in the Raman spectral characteristic peaks of japonicrice, 

respectively. As shown in screenshot 7 (b) of 3D spatial chemical structure of Lysine, the 

functional group in its side chain (-R) is composed of amino group (-NH2), methylene bond (-CH), 

subgroup (-CH2) and amino group (-NH2), corresponds to 2910cm-1 in the Raman spectral 

characteristic peaks of japonicrice. As shown in screenshot 7 (c) of the 3D spatial chemical 

structure of Asparagine, the functional group in its side chain (-R) is composed of amino group 

(-NH2), keto group (-C=O), methylene bond (-CH) and subgroup (-CH2), the keto group (-C=O) 

corresponds to 1661cm-1 in the Raman spectral characteristic peaks of japonicrice. As shown in 

screenshot 7 (d) of 3D spatial chemical structure of Alanine, the functional group in its side chain 

(-R) is composed of methylene bond (-CH) bond and methyl group (-CH3), and the peak of methyl 

group (-CH3) corresponds to the spectral peak at 1461cm-1 in the characteristic spectrum of 

japonica rice Raman spectrum. As shown in screenshot 7 (e) of 3D spatial chemical structure of 

Histidine, the functional group in its side chain (-R) is composed of (-CH) bond, subgroup (-CH2) 

and imino (-NH). As shown in the screenshot 7 (f) of 3D spatial chemical structure of Aspartate, 

the functional group in its side chain (-R) is composed of carboxyl group (-COOH), methylene 

bond (-CH) and subgroup (-CH2), and the carboxyl group (-COOH) corresponds to the spectral 

peak at 1661cm-1 in the Raman spectral characteristics of japonica rice. As shown in screenshot 7 

(g) of 3D spatial chemical structure of Leucine, the functional group in its side chain (-R) is 

composed of methylene bond (-CH) bond and methyl group (-CH3). 

   

（a）Proline （b）Lysine （c）Asparagine 

Figure 7. Screenshots of 3D spatial chemical structure of seven different amino acids 

By analyzing the Raman scattering effect of rice and combining it with the biological 

mechanism of salt and alkali tolerance of rice, the Raman spectral salt-alkali tolerance mechanism 

of rice varieties was analyzed, and the molecular structure and vibration form of amino acid side 

chain regulating salt and alkali tolerance of japonica rice were confirmed (Table 3). Seven 

characteristic spectral peaks (865cm-1, 1260cm-1, 1339cm-1, 1382cm-1, 1461cm-1, 1661cm-1 and 

2910cm-1) were identified. 

    

（d）Alanine （e）Histidine （f）Aspartate （g）Leucine 



3.5. Results of Raman Spectrum Data Preprocessing 

As shown in Figure 8, Raman spectrum visualization effect of saline-alkali resistant japonica 

rice pretreated with NL+CWT+Filtfilt. 

 

Figure 8. Raman spectra of saline-alkali tolerant japonica rice were pretreated with 

NL+CWT+Filtfilt 

3.6. Identification Results 

3.6.1. Result of LR Identification 

The identification mechanism of Raman spectra of saline-alkali tolerant japonica rice was 

studied, and 7 of the 18 characteristic spectra were identified which were closely related to 

saline-alkali tolerance. Then, all samples were preprocessed. Based on the three-dimensional 

information of 7 characteristic spectral peaks, LR, which is suitable for linear regression dataset, 

was used to identify the three-dimensional characteristic information of Raman spectral peaks in 

the dataset. After the training set and the test set of the data set were divided by 8:2, the LR model 

was used for identification, and the test accuracy was 72.93% and the time was 0.02 seconds. 

3.6.2. Result of SVM Identification 

The identification mechanism of Raman spectra of saline-alkali resistant japonica rice was 

studied, and 7 of the 18 characteristic spectra were identified which were closely related to 

saline-alkali tolerance. Then all the samples were preprocessed. Based on the 3D information of 7 

characteristic spectral peaks, the 3D characteristic information of Raman spectral peaks of the 

dataset was identified by SVM identification model suitable for discrete data sets. After the 

training set and test set of the data set were divided according to the ratio of 8:2, the SVM model 

of four kernel functions was used for identification, and the test accuracy was between 57.89% 

and 71.43%, and the required time was 0.01s to 27.13s (Table 5). 

 

 

 



Table 5. Raman spectrum SVM identification results of saline-alkali tolerant japonica rice 

varieties based on characteristic spectral peaks 

Number Choice of kernel function Pretreatment method Accuracy rate Time (unit: s) 

1 

2 

3 

4 

RBF 

LK 

Simoid 

PK 

NL+CWT+Filtfilt 

59.40% 

71.43% 

57.89% 

66.92% 

0.02 

27.13 

0.02 

0.01 

3.6.3. Result of CapsNets Identification 

Figure 9 shows the 7 spectral peak interceptions of one of the samples on the left. Within the 

width of 112 Raman shift values and the height of 1600 spectral peak intensity values, the 

complete spectral peak shape information of each sample can be reflected. In Figure 9, the right is 

the 865cm-1 spectral peak segmentation diagram of the sample, the blue curve is the 

morphological feature information of the starting position of the spectral peak, the yellow curve 

and the green curve are the morphological feature information of the highest point of the rise of 

the spectral peak and the beginning of the decline of the spectral peak (spectral peak offset), and 

the red curve is the morphological feature information of the final ending position of the spectral 

peak. As shown in Figure 10, 28 fragments of information were obtained from each sample, which 

were sorted according to the order of the starting, highest and ending positions of spectral peaks, 

and these pictures were fused to obtain a three-dimensional image information for each sample. 

 

Figure 9. Extracting the shape information of seven characteristic spectral peaks (left) and 

segmenting the shape information of spectral peaks (right) 



 
Figure10. Image information obtained by sequentially capturing, segmenting, and fusing samples 

Based on the shape characteristics of Raman spectral peaks, 661 2D data sets are transformed 

into 3D image information by a specific segmentation and fusion method. The 3D image 

information was divided into a training set and a test set according to the ratio of 8:2, so as to be 

used for subsequent CapsNets model training and testing. During model training, the Epoch value 

was set to 300 to ensure that the model had enough iterations to learn and optimize, as shown in 

Figure 11. When the Epoch value reaches 75, the accuracy of the training set begins to stabilize 

and reaches the highest value of 95.08%. When the Epoch value reaches 140, the accuracy of the 

test set also tends to stabilize and reaches the highest value of 80.45%. 

 

Figure 11. Identification results of CapsNets of saline-alkali tolerant japonica rice varieties with 

three-dimensional image information 



4.Analysis and Discussion 

4.1 Raman Spectrum Identification Mechanism of Saline-alkali Resistant Japonica Rice 

4.1.1 Analysis of Biological Mechanism of Saline-alkali Tolerant Rice 

The molecular vibration types of different Raman spectral peaks of rice are very different, 

which provides important clues for further study of the characteristics and species of japonica rice. 

Based on the molecular vibration at the peak of Raman spectrum, the chemical composition and 

molecular structure characteristics of saline-alkali tolerant rice in different environments can be 

deeply understood. Saline-alkali tolerant rice refers to rice varieties that can grow and develop 

normally in high salt and high alkali environments. The tolerance of saline-alkali tolerant rice 

mainly depends on its gene and protein regulation. In saline-alkali tolerant rice, many genes are 

considered to be related to saline-alkali tolerance. Some of these genes code for proteins involved 

in physiological processes such as ion balance, osmoregulation, antioxidant and signal 

transduction. Amino acids are the building blocks of proteins, which are long chains of several 

amino acids that are joined together by peptide bonds to form polypeptide chains that further fold 

into specific three-dimensional structures. Through checking the Chinese rice web, 14 genes were 

identified from 11 gene families, located on chromosome 1, 4, 5, 6, 7 and 8, encoding amino acid 

sequences of different proteins through transcription and translation processes. Among them, 

SKC1 protein encoded by gene OsHKT1;5;8[33,34] had four amino acid differences (Proline, 

Histidine, Aspartate and Leucine) between salt-tolerant rice varieties and salt-sensitive rice 

varieties. The protein encoded by the other 11 rice saline-alkali tolerance genes [35-46] was 

determined by the amount of Proline, Asparagine and Lysine, respectively. The type and order of 

these amino acid sequences determine the structure and function of the protein, which leads to the 

difference in the saline-alkali tolerance of rice. Therefore, Proline, Lysine, Aspartate, Leucine, 

Histidine, Asparagine and Proline play important regulatory roles in saline-alkali tolerant japonica 

rice, helping japonica rice adapt to saline-alkali stress and maintain normal growth. 

4.1.2 Chemical Bond and Vibration Form of Raman Spectral Peaks of Rice 

In Raman spectroscopy, spectral peaks represent the scattering of light caused by different 

modes of vibration. The position, intensity and width of the spectral peaks of different organic 

compounds are different at the same Raman shift. The difference of spectral peak characteristics 

depends on the structure of the molecule and the vibration mode of the chemical bond. In order to 

obtain the spectral peak of japonica rice Raman spectra, CWT, which has the best spectral data 

standardization and visualization effect, was selected for spectral data baseline elimination to 

obtain the spectral peak of japonica rice Raman spectra [24,25]. In order to improve the 

correlation analysis of the obtained 18 japonica rice Raman spectral characteristic peaks, the 

selection law of Raman spectra and the types of molecular vibration, and to conduct in-depth 

research on the results combined with a large number of relevant literatures (Table 4), it was found 

that the following rules were followed: 

(1) The types of molecular vibration at the obtained 18 spectral peaks are different. 

(2) The vibration bond of the same molecule and the vibration type are different, such as the 

CO molecule at number 6 is the ring vibration of C-O single bond, and the CO molecule at 

number 17 is the C=O double bond stretching vibration. 

(3) The vibration types of the same molecules are different, such as C-O-H at number 9 is 

bending vibration, and C-O-H at number 10 is bending deformation vibration. 



(4) The vibration of the same molecule is located at different peak positions, the CH 

molecular vibration is located at serial numbers 6, 12, 13 and 15, the CH2 molecular vibration is 

located at serial numbers 14, 15 and 18, and the CC molecular vibration is located at serial 

numbers 8, 13 and 14. 

4.1.3. Identification of main characteristic spectral peaks in saline-alkali resistant japonica rice 

By analyzing the molecular chemical structures and side chain chemical bonds of the above 7 

amino acids (Figure 7), it can be found that amino acid side chains of saline-alkali tolerant 

japonica rice contain imino (-NH), amino group (-NH2), keto group (-C=O), methylene bond (-CH) 

bond, subgroup (-CH2), methyl group (-CH3) and carboxyl group (-COOH). By analyzing the 

Raman scattering effect of rice and combining it with the biological mechanism of salt and alkali 

tolerance of rice, the mechanism of salt and alkali tolerance of rice varieties by Raman spectrum 

was analyzed, and the molecular structure and vibration form of amino acid side chain regulating 

salt and alkali tolerance of japonica rice was confirmed. Seven characteristic spectral peaks 

(865cm-1, 1260cm-1, 1339cm-1, 1382cm-1, 1461cm-1, 1661cm-1 and 2910cm-1) were identified. 

4.2. Analysis of Raman Spectral Identification Method for Saline-alkali Tolerance Japonica Rice 

Varieties based on Characteristic Spectral Peaks 

4.2.1. LR and SVM Identification Models 

When the features of the data set are linearly separable, the LR model can accurately identify 

a given set or multiple sets of data [47,48] and perform well. Therefore, the Raman spectrum 

identification of saline-alkali tolerant japonica rice varieties was carried out based on the 

three-dimensional characteristic information of the characteristic spectral peak as the input of LR 

identification model, and the accuracy of 72.93% was obtained. When the features of the data set 

are linearly indivisible, SVM can map the low-dimensional data into the high-dimensional space 

through the kernel function to make it linearly divisible [49]. Therefore, the Raman spectrum 

identification of saline-alkali tolerant japonica rice varieties was carried out based on the 

three-dimensional characteristic information of the characteristic spectral peak as the input of 

SVM identification model, and the accuracy of 71.43% was obtained. By selecting the traditional 

identification model LR and SVM, the difference in accuracy of the three classifications obtained 

is only 1.5%, and the characteristics of the experimental data set are determined to be linearly 

separable and linearly indivisible, that is, mixed type. 

4.2.2. CapsNets Identification Model 

Aiming at the current Raman spectral data set of non-large-scale salt-alkaline tolerance 

japonica rice varieties, CapsNets requires the model to learn feature variables in the capsule to 

maximize the retention of those valuable feature information, so that possible variables can be 

inferred with less training data [27, 50]. As shown in Figure 11, when the Epoch value reaches 75, 

the accuracy of the training set begins to stabilize and reaches the highest value of 95.08%, which 

indicates that the model has strong learning ability on the training data and can effectively extract 

and recognize the feature information in three-dimensional images. When the Epoch value is 140, 

the accuracy of the test set also tends to be stable and reaches the highest value of 80.45%. 

Although the accuracy of the test set is slightly lower than that of the training set, considering that 

the test set is used to evaluate the model's performance on unknown data classification attributes, 



this result still indicates that the model has good generalization ability. 

4.2.3 Conversion of 2D Data Information to 3D Image Information 

When the information presented by different samples in two-dimensional space is so similar 

that it is difficult to distinguish them (Figure 4), converting them to three-dimensional space may 

reveal differences that would otherwise be hidden in two-dimensional space [27]. Therefore, 

according to the characteristics of Raman spectral information of saline-alkali tolerant japonica 

rice varieties, the shape characteristics of 7 selected spectral peaks were converted from 2D data 

information to 3D image information by means of one intercept, one segmentation and one fusion. 

As shown in Figure 10, each picture represents the result of converting a sample from 

two-dimensional data information to three-dimensional image information. The first is 

three-dimensional image information of three randomly selected saline-alkali sensitive japonica 

rice varieties, the second is three-dimensional image information of three randomly selected 

saline-alkali tolerant japonica rice varieties, the third behavior is three-dimensional image 

information of 3 randomly selected japonica rice varieties with strong saline-alkali tolerance. 

From the comparison of 3D image information, the difference of 3D image information of 

different varieties of the same saline-alkali tolerance category was not obvious, the 3D image 

information of different saline-alkali tolerance categories was significantly different, especially the 

3D image information of saline-alkali sensitive japonica rice samples was significantly different 

from that of strong saline-alkali tolerant japonica rice samples. Through the conversion of 

two-dimensional data information to three-dimensional image information, the identification 

model of CapsNets was constructed and showed the best identification results, which could be 

regarded as the optimal method in the identification of saline-alkali tolerance japonica rice 

varieties. 
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